development of the R-programming community and the free availability of biodiversity 34 data in public repositories like GBIF (https://www.gbif.org/). However, such data is often 35 limited to species presences only and with a lack of occurrences in poorly sampled areas. 36
These facts limit the use of some techniques or algorithms and force to make critical 37 assumptions and choices, which introduce different levels of uncertainty to model 38 predictions (Jarnevich et al., 2017) . 39
One of the crucial choices when using pseudo-absences approaches is the delineation of 40 the background area to fit the model, also called "landscape of interest" or "study area" 41 (Elith et al., 2011; Raes, 2012) . Defining its extent, however, remains a challenge. Elith 42 et al. (2011) , for instance, argued that it has to be defined by the ecologist and limited by 43 geographic boundaries or by how far the species can disperse. More recently, other 44 authors have considered the interactions with other species or the sampling biases in the 45 data set as constraints (Jarnevich et al., 2017 ). Yet, in many situations it is difficult to 46 accurately define a background area, either owing to limited knowledge of the species 47 biology or to the lack of available data (R. P. Anderson & Raza, 2010 ; N. Barve et al., 48 2011) . In addition, studies are usually performed at a country or regional level and, then, 49 the background area is constrained to an artificial or political boundary despite the 50 species distribution might be wider (El-Gabbas & Dormann, 2018). Finally, another 51 limitation may appear when the extent of the species is so large that it makes 52 computations to fit the model and generate predictions highly resource-demanding and 53 time-consuming. These limitations are particularly important when the study 54 encompasses a high number of species with a large geographical range. Any of these 55 situations usually lead to fit partial models, which might or might not imply a reduction 56 of model performance (El-Gabbas & Dormann, 2018). 57
In this work, we hypothesize that there is a minimum background area around the centre 58 of the species distribution (minimum buffer) that characterizes well enough the range of 59 environmental conditions needed by the species to survive. Thus, fitting the SDM within 60 this area should be the optimal solution in terms of both quality of the model and 61 execution time. 62
MinBAR overview

63
MinBAR is an R package that aims at (1) This function firstly loads the presences' data set and the explanatory variables. 103
Secondly, it calculates the centre of the species distribution, the most distant occurrence 104 and the buffers. The buffers are not defined by equal distance, but by % of presences 105 equally distributed. This is particularly useful for very discontinuous distributions 106 (e.g. introduced or invasive species), while not affecting more aggregated populations. 107
Thirdly, minba makes n models for each buffer in a loop and calculates averages. In this 108 step, it crops the variables to the extent of the buffer +5%, and calculates the number of 109 necessary pseudo-absences to cover the 50% of the pixels within the buffer (Guevara, 110 Gerstner, Kass, & Anderson, 2018). It uses 70% of the presences to calibrate the model 111 and 30% for evaluation, all from within the buffer (Boyce Index Partial). It also makes 112 6 predictions and evaluations for the whole extent of the species +5% (Boyce Index Total). 113
For this assessment, it uses 30% of all presences excluding those used to calibrate the 114 model. 115
At this point, the user can choose either (1) to run the models for all the buffers to see if 116 the selected background area is accurate and how the quality of the models evolves, or (2) 117 to stop the process when it reaches certain conditions, which can be defined by the user 118 as well. The latter option is adequate for very large species distributions. In this case, the 119 user also has several options, mainly depending on the aim of the study. BI_tot are defined as a number, and so are SD_BI_part and SD_BI_tot, the process stops 136 when the first of them is reached. Any combination of them is allowed. 137
Outputs
138
At the end of the modelling process, minba outputs different information in the form of 139 tables and charts to let the user know the optimal buffer.
7
It writes out three tables in csv files: selfinfo_mod_, info_mod_ and info_mod_means_ 141 (all followed by the name of the species). The first two tables are merely informative 142 about how the modelling process has been developed and the results of each model. 143
Whereas info_mod_means_ shows the means of the n models run for each buffer. See 144 Table S1 in Supplementary Material as an example of info_mod_means_. It contains the 145 Boyce Index Partial, the Boyce Index Total and the execution time. Additionally, it also 146 has columns with rankings of the buffer derived from these three metrics, plus two more 147 ranking columns: rankFinalNoTime and rankFinalWithTime, which rank for the best 148 buffer with and without taking into account the execution time, respectively. 149 Table S2 .1). The presences were downloaded from GBIF. We 170 discarded those occurrences out of the native areas as they were introduced, and this was 171 out of the scope of this case study. 172
The output graphs produced by minba for instance for Fraxinus excelsior and Linaria 173 alpina can be seen in Figure 1 and Figure 2 , respectively. Both BI_tot and BI_part for the 174 two species did not notably improve when increasing the buffers after the second one. A 175 similar pattern was seen for almost all the species studied (see all plots in Supplementary 176 Material S3). Actually, the results (Table 1, Figure 3) showed that the best models for 177 most of the species were those fitted with only part of their distribution, both taking into 178 account the execution time (96%) and not doing so (72%). 179
Case 2: Partial distribution on islands 
